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Abstract
Mobile data oﬄoading has been proposed as a solution for the network con-
gestion problem that is continuously aggravating due to the increase in mobile
data demand. However, the majority of the state-of-the-art is focused on the
downlink oﬄoading, while the change of mobile user habits, like mobile con-
tent creation and uploading, makes uplink oﬄoading a rising issue. In this
work we focus on the uplink oﬄoading using IP Flow Mobility (IFOM). IFOM
allows a LTE mobile User Equipment (UE) to maintain two concurrent data
streams, one through LTE and the other through WiFi access technology,
that presents uplink limitations due to the inherent fairness design of IEEE
802.11 DCF by employing the CSMA/CA scheme with a binary exponen-
tial backoff algorithm. In this paper, we propose a weighted proportionally
fair bandwidth allocation algorithm for the data volume that is being of-
floaded through WiFi, in conjunction with a pricing-based rate allocation for
the rest of the data volume needs of the UEs that are transmitted through
the LTE uplink. We aim to improve the energy efficiency of the UEs and
to increase the oﬄoaded data volume under the concurrent use of access
technologies that IFOM allows. In the weighted proportionally fair WiFi
bandwidth allocation, we consider both the different upload data needs of
the UEs, along with their LTE spectrum efficiency and propose an access
mechanism that improves the use of WiFi access in uplink oﬄoading. In the
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LTE part, we propose a two-stage pricing-based rate allocation under both
linear and exponential pricing approaches, aiming to satisfy all oﬄoading
UEs regarding their LTE uplink access. We theoretically analyse the pro-
posed algorithms and evaluate their performance through simulations. We
compare their performance with the 802.11 DCF access scheme and with
a state-of-the-art access algorithm under different number of oﬄoading UEs
and for both linear and exponential pricing-based rate allocation for the LTE
uplink. Through the evaluation of energy efficiency, oﬄoading capabilities
and throughput performance, we provide an improved uplink access scheme
for UEs that operate with IFOM for uplink oﬄoading.
Keywords: Oﬄoading, energy efficiency, uplink, IFOM, fairness, pricing
1. Introduction
The continuous increase of cellular data demand that is already witnessed,
is the main driving force for cellular network operators towards the capital
investments on upgrades of their cellular network infrastructures into 4G
systems, as LTE. With the upgrade of their networks, cellular providers aim
to be able to serve the requested traffic by their customers. Despite the
upgrade of the cellular infrastructures, the pace of the increase of the data
traffic demand [1] puts pressure on the cellular network providers, as traffic
congestion is not avoided. These facts have led the research community to
propose oﬄoading techniques that will leverage the mitigation of the overload
of the cellular network spectrum and the network’s traffic congestion.
According to the work of Paul et al. [2] on the dynamics of cellular data
networks, downloads dominate uploads with more than 75% of the traffic
coming from download traffic. On the other hand, smartphone applications
slowly change the users attitude, transforming them into content creators.
Facebook, Twitter, Youtube and Instagram are some of the main applications
that let users upload their content (videos, photos, audio, text and combi-
nations of them) at the time of creation. This change of use habits is highly
demanding in terms of energy consumption, as in LTE, uploading is nearly
eight times more energy consuming compared to downloading according to
the extensive measurements of [3]. In the same work it is experimentally
measured that LTE consumes two times the energy of WiFi for uploading
small files of size equal to 10 kB and 2.53 times the energy of WiFi for larger
files of size equal to 10 MB. Considering the solution of oﬄoading the uplink
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traffic of users that are in the range of WiFi Access Points (APs), the battery
life of mobile users will be extended and at the same time the uplink load
of an eNodeB will be mitigated. According to Cisco’s mobile data traffic
forecast [1], mobile oﬄoad increases from 45% (1.2 exabytes/month) that
was in 2013 to 52% (17.3 exabytes/month) by 2018. As operators will not
likely be able to keep pace with the current pace of mobile data demand,
they respond by rolling out WiFi APs to public areas to oﬄoad data traffic.
WiFi is an appropriate solution, as WiFi APs are easier to deploy and they
cost less than upgrading existing cellular infrastructure gear.
With the release-10 of 3GPP, a UE in LTE networks is able to concur-
rently maintain connections with the cellular network and a WiFi AP, in
order to oﬄoad part of its traffic through WiFi access and upload the rest
through LTE. The scheme that allows this connectivity is named IP Flow
Mobility (IFOM) [4]. The other two oﬄoading techniques are Local IP Ac-
cess (LIPA) and Selected IP Traffic Oﬄoad (SIPTO). IP Flow Mobility is
currently being standardized by 3GPP [5]. This technology allows an op-
erator or a UE to shift an IP flow to a different radio access technology,
without disrupting any ongoing communication. Consider a UE connected
to a cellular base station having multiple simultaneous flows. For example,
it maintains a voice call and a file upload, and it is moving into the range
of a WiFi AP. The UE may shift the file upload on the WiFi network and
when it moves out of the AP coverage it will make a seamless shift of the flow
back to the cellular network. Another example is the division of a UE’s data
flow into two sub-flows and the service of each sub-flow by different radio
access technologies, as proposed in [6]. In [7], the authors introduce the first
peer-assisted method for oﬄoading traffic from the uplink, and the selection
of the most cost-efficient alternative access technology for data transmission.
A question that arises from the IFOM uplink oﬄoading scheme is how
the UEs will oﬄoad part of their data through WiFi with fairness, where
their different upload data needs and their LTE connection with the eNodeB
will be considered, and how the rest of the data will be uploaded through
LTE. Although the access method in 802.11 DCF (Distributed Coordinated
Function), uses the CSMA/CA protocol to share radio resources in a fair way,
it treats all users equally. This access scheme creates unfairness considering
the different data needs of each UE and the different channel conditions of
their connection with the eNodeB. In cases where different queue lengths
are considered [8] or in multi-rate conditions [9], fair resource allocation is
achieved by weighted proportional fairness. While the downlink of a WiFi
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AP can be adaptive, based on priority queuing of data, e.g. by applying
the 802.11e standard [10], the uplink does not present the same flexibility.
In uplink, all transmitting users are treated equally, following the binary
exponential backoff algorithm of 802.11 DCF. Based on this fact we focus on
providing an effective access scheme for uplink oﬄoading through WiFi that
will treat all UEs on a weighted proportionally fair way, which includes the
UEs uplink data needs in conjunction with their LTE channel conditions. The
main objective of this approach is to achieve energy efficiency and throughput
improvement in the uplink oﬄoading with IFOM.
The main challenge of our work is to provide an efficient uplink oﬄoading
algorithm that takes into consideration the different uplink data volume needs
of UEs that are associated with the same WiFi AP and eNodeB, and present
different channel conditions regarding their LTE uplink. The main questions
that are tackled throughout this paper are the following: (i) How the different
data needs of UEs under the coverage of the same eNodeB and WiFi AP
should be divided into two sub-flows per UE that will be concurrently routed
through the available access technologies? (ii) How can we improve the WiFi
uplink access to maximize the uplink oﬄoading of the data volume needs of
the UEs? and (iii) How can we provide an efficient resource allocation for
the LTE uplink of the data volume needs of the UEs that are not oﬄoaded
through WiFi? In this paper we discuss on the limitations of IEEE 802.11
DCF uplink access and we propose an oﬄoading algorithm for IFOM that
combines weighted proportional fairness in the WiFi access and price-based
resource allocation in the LTE upload. UEs that have larger upload data
needs or experience worse LTE connection are favoured in the WiFi oﬄoading
part. This is achieved by choosing appropriate weights for the proportional
fairness. The LTE uplink rate allocation we propose is a two-stage pricing
algorithm. In the first stage, the LTE operator decides the price p per unit
of a UE’s LTE uplink rate. In the second stage, the UEs decide the rate
for which they intend to pay, based on the price and the spectrum efficiency
that they experience. Data pricing has been recently adopted as a promising
economics tool that provides effective solutions for resource allocation aiming
to mitigate network congestion [11]. We follow two different pricing schemes.
A linear pricing scheme, that was used in [12] and [13] and an exponential
pricing scheme, that was used in [14]. The main contributions of this work
are the following:
• To the best of our knowledge this is the first work that considers uplink
4
oﬄoading methods for WiFi and LTE networks that operate under the
IFOM oﬄoading technique.
• We propose a weighted Proportionally Fair Bandwidth (PFB) alloca-
tion algorithm for the WiFi, aiming to improve the uplink oﬄoading.
We include in the fairness criteria the different data needs of the UEs
and their LTE uplink spectrum efficiency.
• For the rest of each UE’s data we propose a price-based rate allocation
for the LTE uplink, and we follow a linear and an exponential pricing
scheme. Our major focus is to investigate the effect of different pricing
schemes on the energy efficiency and throughput performance of UEs
under IFOM uplink oﬄoading.
We compare the PFB algorithm with 802.11 DCF and with a state of the
art uplink access scheme in terms of UEs’ energy efficiency for both linear and
exponential pricing of the LTE rate allocation. We investigate the conditions
under which exponential pricing performs better than linear pricing and we
reveal the effect of the UEs’ data needs and spectrum efficiency on their
energy efficiency and throughput performance. In addition, we evaluate the
oﬄoading capabilities of PFB and we show that a greater data volume is
oﬄoaded using our proposed algorithm.
2. Related work
The relatively low deployment costs of WiFi APs has led the providers
and the research community to investigate oﬄoading techniques for the cel-
lular networks through WiFi. In [15], the authors have indicated that WiFi
already oﬄoads in US about 65% of the total mobile data traffic and saves
55% of battery power. In the same work, the oﬄoading capabilities of WiFi
were investigated under trace-driven simulations, based on mobility habits
of mobile users and useful insights have been provided on temporal oﬄoad-
ing. In [16], oﬄoading through opportunistic communications was explored,
where a user oﬄoads to another peer user, which in its turn maintains a
short range connection (e.g. WiFi or Bluetooth) or a cellular connection (e.g.
EDGE or HSPA). The problem of device-to-device communications over lo-
cally formed ad hoc networks has been also addressed in [17], in the context
of the download process. According to their model, the base station trans-
mits different parts of the content to selected mobile devices. Following, the
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mobile devices multicast the received data to each other. The combination
of device-to-device communication with delay-tolerant traffic was proposed
in RoCNet [18], where a user terminal under the coverage of a high traffic
loaded BS, forwards its traffic through a WLAN or a Bluetooth connection
to another user terminal, which will be physically moved under the coverage
of another cellular BS with low traffic load to oﬄoad its peers uplink data. In
[19], the authors have proposed Wiﬄer, which is an application that is used
to predict WiFi connectivity aiming to leverage the exploitation of oﬄoading
opportunities. Through the conducted measurements in city-wide testbeds
they found that cellular and WiFi availability are negatively correlated, a
fact that expands the benefit of oﬄoading through WiFi in terms of net-
work coverage. The authors in [20] have provided a study on the economics
of mobile data oﬄoading through third-party WiFi or femtocell APs and
they proposed a market-based oﬄoading scenario, aiming to investigate the
market outcome with game theory. In [21], the authors proposed a frame-
work named iDeal, that allows providers to use resources from third-party
resource owners, by leasing capacity in cases of congestion through reverse
auctions. Several third-party resource owners were considered, that compete
to lease their resources to the cellular provider, leading to significant sav-
ings for the provider’s side. An optimal delayed WiFi oﬄoading algorithm
was proposed in [22]. The authors considered the case of file downloading
by mobile users that move under the BreadCrumbs mobility model, pro-
posed in [23], and they provided an optimal algorithm that minimizes the
mobile user’s communication cost. In [24], methods for session continuity
were proposed for non-seamless WiFi oﬄoading in LTE networks. The per-
formance of these methods was analysed in terms of throughput and energy
consumption. In [25], the authors analysed the behaviour of the network
decision-making and reconfiguration process in terms of handled handover
requests, aiming to achieve load balancing by guiding the relocation of mo-
bile terminals to achieve oﬄoading. An enhanced framework for Wi-Fi-based
oﬄoading was proposed in [26], where the author investigated how to raise
Quality of Experience (QoE) by evaluating the deadline assurance in oﬄoad-
ing, while saving a significant amount of 3G resources. In [27], the authors
considered a model where a subset of users under the coverage of a base sta-
tion are at the same time under WiFi coverage, and they aimed to maximize
the per-user-throughput by selecting which WiFi connected users would be
allowed to oﬄoad, taking into consideration the induced collisions for non-
saturated traffic. The energy efficiency under this oﬄoading scheme is left
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open. The recent published works related to oﬄoading are mainly focused on
the downlink traffic oﬄoading and did not consider the increasing tendency
of uploading user created content [28]. In our work we raise awareness of
the uplink traffic oﬄoading and its impact on the energy efficiency of the
modern mobile communication devices. Contrary to [27] we consider that all
UEs under the concurrent coverage of an eNodeB and a WiFi AP are given
the opportunity to oﬄoad, following a weighted fair allocation for WiFi and a
pricing scheme for LTE, while transmitting concurrently through the afore-
mentioned access technologies. In [29], we presented the uplink oﬄoading
system model based on IFOM, and we proposed a heuristic solution along
with a simple proportional fair approach weighted only by the data needs of
the UEs. In [30], we provided a mathematical proof for the simple weighted
proportionally fair WiFi bandwidth allocation. In this paper an enhanced
proportionally fair solution is provided with a mathematical proof, and in
conjunction with linear and exponential pricing algorithms, for the resource
allocation regarding the LTE uplink access.
The rest of the paper is organised as follows. In Section 3 we present the
system model and we analyse the energy consumption of the LTE and WiFi
network interface cards of UEs. In Section 4 we analyse the PFB algorithm
and in Section 5 we analyse the proposed LTE pricing scheme for linear and
exponential pricing. Section 6 contains the evaluation and simulation results
and Section 7 concludes our work.
3. System Model
The main notations used in this paper are summarized and explained in
Table 1 for the ease of reading. We consider a LTE macro-cell and we focus
on its coverage area that is also partially covered by several WiFi APs that
belong to the same LTE provider, as shown in Fig. 1. All UEs are equipped
with a WiFi network interface card in addition to their LTE connectivity.
We assume that N LTE UEs are concurrently under the coverage of the
macro-cell and one of the deployed APs, and they need to upload a file (e.g.
a photo or a video) through a mobile application. The used applications are
assumed to be able to divide an IP flow into two sub-flows and to define
the size of each one. The UEs are able to use concurrently the two access
technologies with IFOM and direct one sub-flow to LTE and the other to
WiFi. The data volume UEi needs to upload is equal to Ki bits, where
i = (1, ..., N). The data needs Ki are assumed a priori known to the WiFi
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Tab. 1. List of notations and their physical meanings.
Symbols PhysicalMeanings
UEi UEs under the coverage of the same eNodeB and WiFi AP, i = (1, ..., N)
Ki Uplink data volume needs of UEi
∆T Duration of an uplink oﬄoading period
θi Normalized spectrum efficiency of UEi, θi ∈ [0, 1]
PLTEi Power level of UEi’s LTE interface during uplink transmission
RLTEi LTE uplink rate of UEi (in Mbps)
RLTEmax Maximum value of LTE uplink rate (in Mbps)
αu Uplink transmission power per Mbps
β Base power of the LTE card
S(N) Per UE WiFi uplink throughput (in Mbps), for N contending UEs
EE(N) Per UE WiFi energy efficiency (in bits/Joule), for N contending UEs
RWiFi WiFi data transmission rate
wi Oﬄoading factor of UEi, wi ∈ [0, 1]
ECWiFiTx Average per UE energy consumption during WiFi transmission (Joule)
ECWiFisleep Average per UE energy consumption during WiFi sleep phase (Joule)
ECLTE Average per UE energy consumption during LTE transmission (Joule)
EPFBeff Average per UE energy efficiency of IFOM uplink oﬄoading (bits/Joule)
OffPFB Oﬄoading index of the PFB algorith
RLTEi LTE uplink transmission rate of UEi
p Price per unit of LTE uplink transmit rate for linear pricing
pe Price per unit of LTE uplink transmit rate for exponential pricing
U lini Payoff function of UEi, for linear pricing
U expi Payoff function of UEi, for exponential pricing
AP. The AP has a high bandwidth backbone (e.g. fiber connection). Thus,
the bottleneck of this route lies in the wireless uplink access of the WiFi
connection. The described scheme is applied to each one of the WiFi APs
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Fig. 1. Uplink oﬄoading scenario with IP Flow Mobility (IFOM).
and we investigate the uplink data oﬄoading for a time duration equal to ∆T .
Each UEi oﬄoads part of each data needs Ki. The rest is uploaded through
its LTE connection. We assume that the channel characteristics between
each UEi and the LTE macro-cell are described by a normalized spectrum
efficiency θi ∈ [0, 1], such that for a bandwidth allocation that gives to UEi
the ability to upload with an uplink rate equal to RLTEi under ideal channel
conditions, the actual achieved uplink rate is equal to θiRLTEi . As we focus
on the access layer of the heterogeneous network, we assume that θi abstracts
the physical layer characteristics including the frequency selectivity that the
UEs may experience due to transmitting in different frequencies even with
the same bandwidth. With this abstraction we provide a plug-in parameter
to our access layer study, available to be used over a physical layer analysis.
In Fig. 2 we provide a schematic representation of our proposed model, where
we present which decisions are centralised at the operators side, and which
are distributed at the UEs side. The operator decides how the weighted
fair bandwidth allocation will be held at the WiFi oﬄoading. The WiFi
AP uses an exclusive access scheme to implement the bandwidth allocation
decided by the operator, as presented in Section IV.A. Regarding the LTE
rate allocation, the operator decides centrally the price p per unit of LTE
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Fig. 2. Schematic representation of the system model.
uplink rate and following, the UEs distributively decide the LTE rate to
request, based on the already decided price p and their spectrum efficiency
θi. After these decisions, each UEi transmits its data by concurrently using
both access technologies.
3.1. LTE Uplink Power Model
Regarding the LTE uplink power level of the UE, we adopt the energy
model proposed by Huang et al. in [3]. According to this model the power
level of the UEi’s LTE interface during uplink transmission is expressed as
PLTEi = αuR
LTE
i + β [mW] (1)
where αu is the uplink transmission power per Mbps, RLTEi is the LTE uplink
rate (in Mbps) and β is the base power of the LTE card.
3.2. IEEE 802.11 DCF Energy Consumption in the Uplink
The uplink access mechanism of IEEE 802.11 DCF [31] is based on con-
tention among users that are willing to transmit data to the AP and try
to avoid collisions following the standard’s binary exponential back-off algo-
rithm. Following Bianchi’s analysis [32] for saturated traffic conditions we
notice that the throughput of a user that tries to upload data through WiFi
is significantly affected by the number of users that are under the coverage
of the same AP. The per user uplink throughput S(N) (in Mbps), where N
is the number of contending users, is expressed as
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S(N) =
Ps(N)Ptr(N)E[P ]
N [(1− Ptr(N))σ + Ptr(N)Ps(N)Ts + Ptr(N)(1− Ps(N)Tc)] (2)
E[P ], Ts, Tc and σ correspond to the average payload of a packet, the duration
of a successful transmission, the duration of a collision and the time slot’s
duration respectively. Ptr(N) is the probability that there is at least one
transmission in a considered time slot and Ps(N) is the probability that an
occurring transmission is successful. A user’s energy efficiency EE(N) (in
bits/Joule), as a function of the number of contending users N is expressed
as
EE(N) =
Ps(N)Ptr(N)E[P ]
N [(1− Ptr(N))Ei + Ptr(N)Ps(N)Es + Ptr(N)(1− Ps(N)Ec)]
(3)
where Ei, Es and Ec correspond to the energy consumption of a user during
an idle, a successful transmission and a collision period. The duration of a
successful transmission is equal to Ts = TH + TP + TSIFS + TACK + TDIFS.
The duration of a collision period is equal to Tc = TH + TP + TDIFS, and
the duration of an idle period is equal to a time slot σ. Where TH is the
transmission duration of the PHY and MAC headers and TP the transmission
duration of a packet’s payload for transmission rate equal to RWiFi = 54
Mbps. Taking these duration expressions into consideration we analytically
express the energy consumption values of (3) in (4).
Es = PTx(TH + TP ) + Pidle(TSIFS + TDIFS) + PRxTACK
Ec = PTx(TH + TP ) + PidleTDIFS
Ei = σPidle (4)
where Pidle, PTx and PRx are the power levels of the user’s 802.11 network
interface card.
3.3. Uplink Oﬄoading Energy Consumption
Every UE under the concurrent coverage of the two access technologies
will have the opportunity to oﬄoad wiKi bits through the WiFi AP, where
wi ∈ [0, 1] for i = (1, ..., N). The remainder data volume (1 − wi)Ki is
11
transmitted through the LTE connection of each UE. Every UEi with data
needs equal to Ki that oﬄoads its uplink according to wi will present energy
consumption ECi(N), which is expressed as
ECi(N) = (1− wi)Ki P
LTE
i
θiRLTEi
+ wiKi
1
EE(N)
[Joule] (5)
For the WiFi uplink oﬄoading we provide a weighted proportionally fair al-
location algorithm over the data needs and the LTE channel conditions of
the UEs. For the LTE uplink of the (1 − wi)Ki data volume of each UEi
we provide a two stage pricing algorithm for the LTE uplink rate allocation.
Based on these two parts of the IFOM uplink oﬄoading we are able to cal-
culate each UEi’s energy consumption according to (5). Considering that
without oﬄoading a UEi would upload with throughput equal to θiRLTEi , we
express the equivalent throughput of UEi with oﬄoading as θiRLTEi /(1−wi),
assuming that the LTE uploading continues after the WiFi oﬄoading.
4. Weighted Proportionally Fair WiFi Access
The UEs oﬄoad part of their data needs through the WiFi, according
to the Proportionally Fair Bandwidth (PFB) allocation algorithm that we
propose. Each UEi is allocated bandwidth equal to ri, i = (1, ..., N), such as
N∑
i=1
ri ≤ RWiFii . The allocation is proportionally fair over the ratio ρi = Ki/θi.
According to the definition of proportional fairness by Kelly et al. [33], a
vector of rate allocation r = (r1, ..., rN) is proportionally fair if it is feasible,
that is r ≥ 0 and
N∑
i=1
ri ≤ RWiFii and if for any other feasible vector r∗,
regarding the proportional fairness over the ratio ρi of each UEi, the aggregate
of proportional changes is zero or negative and is expressed as
N∑
i=1
ρi
r∗i − ri
ri
≤ 0 (6)
which can be rewritten as
N∑
i=1
ρi(log(ri))
′dri ≤ 0 (7)
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It follows from (7) that the proportionally fair allocation solution represents a
maximum of the utility function Ui(r) =
N∑
i=1
ρilog(ri). Consequently, in order
to find the proportionally fair solution we have to solve the maximization
problem described as follows
max
r
N∑
i=1
ρilog(ri)
subject to
N∑
i=1
ri 6 RWiFi
and ri > 0, ∀i = 1, ..., N (8)
The problem has a unique solution since the objective function is strictly
concave and the constraint set is convex. To solve this problem, we relax the
constraints and define the Lagrangian [34], changing ri > 0 to −ri 6 0
L(r, µ) =
N∑
i=1
ρi(log(ri))− µ0
(
N∑
i=1
ri −RWiFi
)
+
N∑
i=1
µiri (9)
where µ0 > 0 and µi > 0, i = 1, ..., N . Following, we take the Karush-
Kuhn-Tucker (KKT) optimality conditions. Starting with the stationarity
condition we have
∇riL(r, µ) =
ρi
ri
− µ0 + µi = 0 (10)
since ρi > 0, then µ0 > µi, which also means µ0 > 0. From the complemen-
tary slackness conditions we have
µ0
(
RWiFi −
N∑
i=1
ri
)
= 0 (11)
µiri = 0 (12)
µ0 > 0 and µi > 0, i = 1, ..., N (13)
and since µ0 > 0, we know that
N∑
i=1
ri = R
WiFi (14)
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which means that ri, i = 1, ..., N cannot be zero. Thus, forcing µi = 0,
∀i = 1, ...N we have from (10)
ri =
ρi
µ0
(15)
Combining (14) and (15) we have the optimal solution which represents the
weighted proportionally fair solution
ri =
ρi
N∑
i=1
ρi
RWiFi (16)
Following, we provide an access method that allocates exclusive access to
each UE following the PFB algorithm.
4.1. Implementation Consideration
In the PFB algorithm we aim to allocate exclusive access periods to each
UEi equal to ti, for i = (1, ..., N). In these periods the UEs will be able to
transmit through the WiFi AP with throughputRWiFi = S(1). We transform
the proportionally fair bandwidth allocation into proportionally fair airtime
allocation by having ri∆T = tiS(1). Now, the weighted proportionally fair
airtime allocation is equal to
ti =
ρi
N∑
i=1
ρi
∆T (17)
Regarding the implementation of the PFB algorithm we aim to give exclusive
access to the WiFi AP to each UEi for a period equal to ti. To achieve that,
we adopt the idea of unsolicited Clear To Send (CTS) frames initiated by
the AP that was proposed in [35]. With a CTS frame the AP protects a
specific UE to upload its data through WiFi, while all other UEs put their
802.11 network interface cards into sleep mode for a duration equal to the
NAV information of the CTS. A timeline example for the WiFi access of
the PFB algorithm for two UEs is presented in Fig. 3. We notice that
due to non optimally scheduled user access, UE2 is obliged to wait for a long
period in comparison to its own access time. Even though during this waiting
period UE2’s WiFi card is in sleep mode, it consumes energy. We can further
improve our algorithm by applying the optimal scheduling for one machine
and non-preemptive jobs which is a shortest-job-first fashion approach.
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Fig. 3. An example of the PFB algorithm for two UEs.
4.2. Energy Efficiency of PFB
The average per UE energy consumption of the WiFi network interface
card, during the uploading phase, is expressed as
ECWiFiTx =
1
N
 N∑
i=1
ρi
N∑
i=1
ρi
∆T
S(1)
EE(1)
 [Joule] (18)
After scheduling the exclusive time periods ti in augmenting order of dura-
tion, the average per UE energy consumption of the WiFi network interface
card while in sleep mode with power level PWiFisleep , is expressed as
ECWiFisleep =
1
N
N−1∑
i=1
(N − i)tiPWiFisleep [Joule] (19)
The average per UE energy consumption of the LTE network interface card,
due to the concurrent transmission through WiFi, is equal to
ECLTE =
1
N
N∑
i=1
(
(Ki − tiS(1)) P
LTE
i
θiRLTEi
)
[Joule] (20)
Combining (18)–(20) the average per UE energy efficiency of IFOM oﬄoading
under the PFB algorithm is expressed in (21).
EPFBeff =
N∑
i=1
Ki
N(ECWiFiTx + EC
WiFi
sleep + EC
LTE)
[bits/Joule] (21)
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4.3. Oﬄoading Index
Aiming to reveal the performance improvement of the PFB algorithm in
terms of data volume oﬄoading, we define the WiFi oﬄoading index OffPFB.
TheOffPFB is expressed in (22) and is equal to the ratio of the total oﬄoaded
data volume through the WiFi following the PFB algorithm to the data
volume that would be uploaded by the standard 802.11 DCF if only one
user was accessing the AP to oﬄoad. The WiFi oﬄoading index of the PFB
algorithm, OffPFB is equal to
OffPFB =
N∑
i=1
tiS(1)
S(1)∆T
(22)
It follows from (22) that OffPFB = 1, which means that the PFB algo-
rithm fully exploits the oﬄoading capabilities of the WiFi AP, as every UE
is allocated exclusive oﬄoading access to the AP.
5. LTE Pricing Scheme
The LTE uplink power of each UEi, following the power model of (1), is a
function of its LTE uplink transmission rate, RLTEi . Hereunder, we propose
a two-stage LTE pricing scheme, where the LTE operator decides the price
p per unit of uplink transmit rate in the first step and in the second step
the UEs decide the rate for which they intend to pay as a function of the
price and the spectrum efficiency they experience. We approach the pricing
problem using backward induction, examining first the UEs demands (Stage
II) and then the operator’s decision on the price (Stage I). We propose two
pricing models, one linear and one exponential.
5.1. LTE Uplink Rate With Linear Pricing
Stage II: The payoff function of the UEi, for acquiring RLTEi quantity of
uplink rate with a price p per unit of rate, following the linear pricing model,
is expressed as
U lini (R
LTE
i ) = ln(1 + θiR
LTE
i )− pRLTEi (23)
This payoff function of a UEi, with normalized spectrum efficiency θi, is equal
to the logarithmic utility function, that expresses the diminishing return of
getting additional resources, minus the linear price that the UEi has to pay
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for acquiring RLTEi quantity of rate. We notice that U lini (RLTEi ) is a concave
function, since U lini (RLTEi )′′ = −
(
θi/(1 + θiR
LTE
i )
)2
< 0. Thus, it has only
one maximum, and therefore the local maximum is also the global maximum.
Differentiating (23) we have
∂U lini
∂RLTEi
=
θi
1 + θiRLTEi
− p = 0 (24)
The optimal value of rate that maximizes UEi’s payoff is
R∗LTEi =
{
1
p
− 1
θi
, if p ≤ θi
0, otherwise
(25)
Stage I: We take into consideration that the N UEs that are under the
coverage of the same WiFi AP are close enough to present similar channel
statistics regarding their LTE connection. Thus, we assume that their spec-
trum efficiency is such that max(θi)−min(θi) < ε, where ε > 0. Under this
assumption, the operator’s choice of price p is such, that the UE with the
max(θi) is allocated the maximum value of the LTE uplink rate RLTEmax , aiming
to provide the best available service to UEs with better channel conditions
compared to the rest of the UEs situated under the same WiFi AP coverage.
We also assume that the eNodeB has adequate available resources to satisfy
the requests of all UEs. The price is formed according to (26).
p =
max(θi)
1 + max(θi)RLTEmax
(26)
The provider aims to give to every UEi the opportunity to transmit through
the LTE. This means that even for the UE with the min(θi), the quantity
1/p−1/min(θi) is positive. Using (26) we find the range of values of ε under
which this rate allocation is feasible. This range is expressed as
0 < ε ≤ max(θi) min(θi)RLTEmax (27)
The allocated rate to each UEi following the linear pricing model is expressed
as
RLTEi =
1 + max(θi)R
LTE
max
max(θi)
− 1
θi
(28)
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5.2. LTE Uplink Rate With Exponential Pricing
For the rate allocation with the exponential pricing model, we follow the
same steps as described in the linear pricing approach.
Stage II: The payoff function of UEi, for acquiring RLTEi quantity of
uplink rate when applying the exponential pricing model is expressed as
U expi (R
LTE
i ) = ln(1 + θiR
LTE
i )− pe(eR
LTE
i − 1) (29)
This payoff function of a UEi under exponential pricing, with normalized
spectrum efficiency θi, is equal to the logarithmic utility function, that ex-
presses the diminishing return of getting additional resources, minus the
exponential price that the UEi has to pay for acquiring RLTEi quantity of
rate. We notice that U expi (RLTEi ) is a concave function, since U
exp
i (R
LTE
i )
′′ =
− (θi/(1 + θiRLTEi ))2 − peeRLTEi < 0. Thus, it has only one maximum, and
therefore the local maximum is also the global maximum. Differentiating
(29) we have
∂U expi
∂RLTEi
=
θi
1 + θiRLTEi
− peeRLTEi = 0 (30)
We need to solve this non-linear equation with respect to RLTEi . (30) can be
rewritten as
ln
(
1
pe
)
+
1
θi
=
(
RLTEi +
1
θi
)
+ ln
(
RLTEi +
1
θi
)
(31)
For x = RLTEi +
1
θi
and y = ln
(
1
pe
)
+ 1
θi
, (31) can be written as
y = x+ lnx (32)
which after some straight forward mathematical manipulations can be writ-
ten as
xex = ey (33)
Taking the value of the Lambert W function [36] of each part of (33) and
using the Lambert W function identity W (xex) = x we have x = W (ey).
Replacing x and y we have
RLTEi = W
(
e
1
θi
pe
)
− 1
θi
(34)
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Stage I: The price pe that the provider decides in the exponential pricing
model is such, that the UE with the max(θi) is allocated the maximum value
of the LTE uplink rate RLTEmax . The price is formed according to (35).
pe =
max(θi)
(1 + max(θi)RLTEmax ) e
RLTEmax
(35)
As the provider aims to give to all N UEs under the coverage of the AP
the opportunity to upload part of their data needs through the eNodeB, the
rate that will be allocated to the user with the min(θi) should be positive.
This means that the range of the spectrum efficiency of the N UEs is such,
that
W
(
e
1
min(θi)
pe
)
− 1
min(θi)
> 0 (36)
The allocated rate to each UEi following the exponential pricing model is
expressed as
RLTEi = W
(
(1 + max(θi)R
LTE
max )e
RLTEmax +
1
θi
max(θi)
)
− 1
θi
(37)
6. Evaluation and Simulation Results
We evaluate our oﬄoading schemes by running extensive simulations us-
ing MATLABTM. We run the PFB algorithm for a diverse number of UEs
under the concurrent coverage of an eNodeB and a WiFi AP, namely for
four to 20 UEs. During the examined oﬄoading periods, each UEi under
the concurrent coverage of the same eNodeB and WiFi AP has Ki data vol-
ume needs. Hence, every UE has frames to transmit in its buffer and the
traffic is considered under saturation conditions. By following this assump-
tion, we provide results for the worst case traffic scenario. We compare the
performance of PFB in terms of energy efficiency and oﬄoading capabili-
ties with the standard 802.11 DCF and with an access mechanism titled
Smart Exponential-Threshold-Linear (SETL) that was proposed in [37]. In
the backoff algorithm proposed in SETL the Contention Window (CW ) of
a 802.11 user is increasing exponentially up to a threshold that is equal to
CWth = (CWmax/2 + CWmin). After this threshold, it is increasing linearly
up to CWmax according to CWth + kCWmin, where k is a positive integer.
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Tab. 2. Simulation Parameters
Parameter Value
LTE uplink rate (max) RLTEmax 5 Mbps
LTE uplink power per Mbps αu 438.39 mW/Mbps
LTE base power β 1288.04 mW
LTE uplink power αuRulLTE + β mW
WiFi packet payload 1500 bytes
WiFi Data/ Ctrl. transmission rate 54/ 6 Mbps
WiFi Tx/ Rx/ Idle/ Sleep Power 1900/ 1340/ 1340/ 75 mW
SIFS/ DIFS 10/ 50 µsec
Oﬄoading period ∆T 5 sec
Number of UEs 4-20
Uplink data volume per UE 5-15 MB
Regarding the LTE part of IFOM, we conduct the simulations applying the
presented pricing models, i.e. the linear and the exponential pricing ap-
proaches. In more detail, the WiFi AP is aware of the upload data needs
of each UEi. Based on these data needs and the LTE spectrum efficiency of
each UEi, it allocates access time for oﬄoading. The remaining data of each
UEi are uploaded in parallel through its LTE connection with an uplink rate
equal to θiRLTEi , where RLTEi is defined by the applied pricing scheme.
The simulations are repetitively conducted for an oﬄoading time period
equal to ∆T = 5 sec. The data volume needs of the UEs are assumed to follow
a uniform distribution of the file sizes between 5− 15 MB. These data needs
represent the volume of a photo to a small video, created by contemporary
smartphones. The simulations are performed for different value ranges of the
spectrum efficiency θi, aiming to explore the performance of our oﬄoading
scheme for oﬄoading regions situated in different distances from the eNodeB.
The uplink power level of UEi’s LTE interface card, PLTEi , is assumed to
follow (1). The 802.11 network interface card power levels PWiFiTx , PWiFiRx ,
PWiFiidle and PWiFisleep are assumed to follow the measurements provided in [38].
The numerical values of the simulation parameters are presented in Table 2.
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Fig. 4. Energy efficiency for θi ∈ [0.8, 1] with linear pricing.
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Fig. 5. Energy efficiency gain for θi ∈ [0.8, 1] with linear pricing.
6.1. Energy Efficiency with Linear Pricing
In Fig. 4 we present the energy efficiency of PFB, 802.11 and SETL,
for different number of UEs ranging from four to 20, with θi ∈ [0.8, 1]. We
notice that as the number of UEs increases the average energy efficiency of a
UE decreases because the WiFi bandwidth is shared between more UEs and
consequently they have to upload a larger part of their data needs through
the energy demanding LTE uplink. The LTE uplink rate allocation follows
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Fig. 7. Energy efficiency gain for θi ∈ [0.6, 0.8] with linear pricing.
the linear pricing model. In Fig. 5 the energy efficiency gain (%) is presented,
comparing PFB to the 802.11 standard and the SETL algorithm. For θi ∈
[0.6, 0.8] we present the energy efficiency of PFB, 802.11 and SETL in Fig.
6, while in Fig. 7 the energy efficiency gain (%) is presented, comparing PFB
to the 802.11 standard and the SETL algorithm.
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Fig. 8. Energy efficiency for θi ∈ [0.8, 1] with exponential pricing.
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Fig. 9. Energy efficiency gain for θi ∈ [0.8, 1] with exponential pricing.
6.2. Energy Efficiency with Exponential Pricing
Applying the exponential pricing for the LTE rate allocation we achieve
a slight improvement in the energy efficiency of the IFOM oﬄoading scheme.
While UEs with lower θi are facilitated to acquire more resources, UEs with
higher θi are pushed to acquire less than they would do by following the
linear pricing. In Fig. 8 we present the energy efficiency results following the
exponential pricing for θi ∈ [0.8, 1], while in Fig. 9 the energy efficiency gain
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Fig. 10. Energy efficiency for θi ∈ [0.6, 0.8] with exponential pricing.
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Fig. 11. Energy efficiency gain for θi ∈ [0.6, 0.8] with exponential pricing.
is presented for the same range of θi. In Fig. 10 and 11 we present results
for θi ∈ [0.6, 0.8].
Comparing the energy efficiency of uplink oﬄoading between linear and
exponential pricing schemes, we notice that for θi ∈ [0.8, 1] and θi ∈ [0.6, 0.8]
the performance is similar. Though, for larger range of θi, e.g. for θi ∈ [0.2, 1],
and for large number of UEs under the coverage of the same AP, namely
from 10 to 20, the exponential pricing scheme presents 20% better energy
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efficiency compared to the linear pricing scheme. Thus, for greater diversity
in the LTE channel quality of the UEs that share the resources of the same
AP, the exponential pricing scheme performs better because it gives to UEs
that experience worse LTE channel quality the opportunity to purchase more
LTE resources, while it pushes UEs with better LTE channel conditions to
purchase less resources compared to the linear pricing scheme. Simulation
results regarding this comparison are presented in Fig. 12.
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6.3. Evaluation of Oﬄoading Capabilities
A comparison of the oﬄoading capability of each WiFi uplink approach
is presented in Fig. 13. As expected from (22), PFB presents an oﬄoading
index equal to one. This means that with PFB we achieve the maximum
exploitation of the APâĂŹs capability for oﬄoading. With SETL we achieve
an oﬄoading index near 0.94 for high contention conditions (20 oﬄoading
UEs) and with 802.11 the oﬄoading index has a value near 0.86 under the
same high contention conditions. While PFB provides exclusive WiFi access
to the UEs, SETL and 802.11 operate under the CSMA/CA protocol lead-
ing to frequent collisions, especially when the number of uploading UEs is
increasing.
6.4. Interplay Between Spectrum Efficiency and Data Volume Needs
Aiming to reveal the interplay between the spectrum efficiency and the
data volume needs of the UEs, we examine our proposed uplink oﬄoading
scheme for N = 20 UEs. We let UEi for i ∈ (1, ..., 19) with uniformly
distributed θi ∈ [0.8, 1] and uniformly distributed data needs Ki ∈ [5, 15],
while we set specific values of UEN ’s spectrum efficiency and data needs.
In Fig. 14 we notice that the higher the θN the less favoured UEN is to
oﬄoad, which is expected as the proportionally fair allocation is weighted by
ρi = Ki/θi. Comparing different data needs KN for the same θN we see
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Fig. 15. Throughput comparison for KN = 5 MB and θi ∈ [0.8, 1] with linear
pricing.
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that the oﬄoading percentage lowers, while the absolute value of the actual
oﬄoaded volume raises, which is also expected as Ki is in the nominator
of the weights ρi. We also compare the aggregate equivalent throughput
of UEN for the concurrent transmission through LTE and WiFi with the
case that there was no opportunity to oﬄoad and all data were transmitted
through LTE, following the linear pricing scheme. Throughput results for
UEN ’s data needs KN = (5, 10, 15) MB, are presented in Fig. 15, 16 and
17 respectively, for θi ∈ [0.8, 1], with i = (1, ..., N). For these data volume
needs and spectrum efficiency range, we achieve a throughput improvement
of 7% to 15.5%, due to the concurrent transmission through LTE and WiFi.
Comparing the three figures, we notice that despite the fact that greater θN
gives less access to oﬄoad, the aggregate throughput of UEN raises due to
its improved LTE uplink channel conditions.
7. Conclusion
In this paper we focused on the IFOM technique for uplink oﬄoading
that allows the concurrent transmission through WiFi and LTE. UEs are
scheduled to upload through the WiFi following a weighted proportionally
fair allocation algorithm, where both the data load and the LTE spectrum
efficiency is considered in the weighted fairness. Regarding the WiFi ac-
cess scheme we presented our implementation considerations and proposed a
scheme that provides for maximum exploitation of the WiFi resources. For
the LTE uplink rate allocation we proposed two pricing algorithms, one lin-
ear and one exponential. These algorithms are consisted of two stages. In
the first stage the operator chooses the price and in the second stage UEs
decide the quantity of resources they intend to acquire based on their pay-
off functions. We presented an energy efficiency evaluation of our oﬄoading
approach for both the linear and the exponential pricing models, comparing
at the same time the performance of the proportionally fair access with the
standard 802.11 and the SETL algorithm. We also revealed the benefit of
exponential pricing in terms of energy efficiency for high diversity of the LTE
channel conditions of the UEs and we presented results for the interplay of
spectrum efficiency and uplink data needs, and its impact on the oﬄoading
percentage of a UE and on its aggregate throughput.
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